The cannabinoid receptor 2 (CB2) plays an important role in the immune system. Although a few of GPCRs crystallographic structures have been reported, it is still challenging to obtain functional transmembrane proteins and high resolution X-ray crystal structures, such as for the CB2 receptor. In the present work, we used 10 reported crystal structures of GPCRs which had high sequence identities with CB2 to construct homology-based comparative CB2 models. We applied these 10 models to perform a prescreen by using a training set consisting of 20 CB2 active compounds and 980 compounds randomly selected from the National Cancer Institute (NCI) database. We then utilized the known 170 cannabinoid receptor 1 (CB1) or CB2 selective compounds for further validation. Based on the docking results, we selected one CB2 model (constructed by β1AR) that was most consistent with the known experimental data, revealing that the defined binding pocket in our CB2 model was wellcorrelated with the training and testing data studies. Importantly, we identified a potential allosteric binding pocket adjacent to the orthosteric ligand-binding site, which is similar to the reported allosteric pocket for sodium ion Na + in the A 2A AR and the δ-opioid receptor. Our studies in correlation of our data with others suggested that sodium may reduce the binding affinities of endogenous agonists or its analogs to CB2. We performed a series of docking studies to compare the important residues in the binding pockets of CB2 with CB1, including antagonist, agonist, and our CB2 neutral compound (neutral antagonist) XIE35-1001. Then, we carried out 50 ns molecular dynamics (MD) simulations for the CB2 docked with SR144528 and CP55940, respectively. We found that the conformational changes of CB2 upon antagonist/agonist binding were congruent with recent reports of those for other GPCRs. Based on these results, we further examined one known residue, Val113 3.32 , and predicted two new residues, Phe183 in ECL2 and Phe281 7.35 , that were important for SR144528 and CP55940 binding to CB2. We then performed site-directed mutation experimental study for these residues and validated the predictions by radiometric binding affinity assay.
■ INTRODUCTION
G protein coupled receptors (GPCRs), the largest family of trans-membrane proteins in the human genome, are crucial for many essential physiological processes, including cellular metabolism, immune defense, neurotransmission, cell growth, secretion, and differentiation. It is also known that GPCRs are targeted by 40%−50% of marketed drugs worldwide. 1 Cannabinoid receptors 2, 3 (CB) belong to the members of Rhodopsin-like GPCRs family. Three major groups of ligands can activate the cannabinoid receptors, including endocannabinoids, plant cannabinoids, and synthetic cannabinoids. There are mainly two known subtypes of CB receptors reported, including cannabinoid receptor 1 or CB1 4 and cannabinoid receptor 2 or CB2, 5 which were characterized and cloned in 1990 and 1993, respectively. CB1 can be found to express mainly in the brain, although, it is also found to express in other tissues, including lungs, liver, and kidneys. CB1 plays a fundamental role in the central nervous system (CNS), which has been reported to mitigate numerous pathologies, including Alzheimer's disease, pain, obesity, and cancer. 6 CB2 is predominantly expressed in the peripheral areas of the body, especially in the immune and skeletal systems, 7 and it is an important target for the treatment of autoimmune, 8 inflamatory neuropathic pain, 9 osteoporosis, 10 and immune system cancer. 11, 12 Through Gi/Go α subunits, CB2 and CB1 receptors inhibit the activity of adenylyl cyclase. Moreover, CB2 are also reported to be coupled to the MAPK-ERK pathway 13 through their G βγ subunits. Until now, there are five recognized endocannabinoids, including 2-arachidonoyl glycerol (2-AG), arachidonoylethanolamine (anandamide), virodhamine, 14 2-arachidonyl glyceryl ether (noladin ether), and the recently discovered N-arachidonoyl-dopamine (NADA). 15 Many of these five ligands preferentially exhibit at the CB2 receptor. 2-Arachidonoyl glycerol (2-AG) selectively activates the pathway of MAPK-ERK. Noladin, as well as another synthetic ligand CP55940, appears to inhibit the activity of adenylyl cyclase through CB2 mediated signaling pathways. 14 Many molecular dynamics processes and the underlying mechanisms of CB2 remain unknown due to the lack of high resolution crystal structure. Several research groups tried to construct the 3D model of CB2: Reggio and co-workers 16 first reported the 3D homology model for the CB2 in 1999. Their model was based on the α-helical periodicity in the CB2 sequence as detected by Fourier Transform Analysis. 17 Gouldson and co-workers 18 generated one 3D CB2 model based on their previous rat β2-adrenoceptor model. They used SR144528, a selective CB2 antagonist (inverse agonist), to dock into their model. They also defined a docking position that agreed with the mutation studies. From their model, they observed hydrogen bonds between SR144528 and two residues, including Ser161 4.53 and Ser165 4.57 . In 2000, Palczewski and coworkers 19 elucidated the first Class A GPCRs' crystal structurebovine rhodopsin. 20 Treating this as the starting point, our group 21 constructed a comparative 3D CB2 model in 2003. Our model was supported by the results from NMR, X-ray crystallographic studies, and site-directed mutagenesis. For example, a salt bridge was formed between Arg131 3.50 and Asp240 6.30 , an interaction proposed to serve as an ionic lock of rhodopsin-like GPCR activation. 22 In 2006, Tuccinardi et al., 23 Stern et al., 24 and Raduner et al. 25 generated other rhodopsinbased comparative models of CB2. Their models were generated using the crystal structure of bovine rhodopsin determined at 2.8 Å as a template, which was the only resolved G-protein coupled receptor at that time. Their models represented the inactivated state. Yang et al. 26 and Latek et al. 27 generated newer 3D CB2 models based on A 2A AR in 2012 and 2011, respectively. Specially, a disulfide bond (between residue 174 and residue 179) located in the ECL2 was constructed according to the experiment data. They found that A 2A AR had ∼23% sequence identity with CB2, and A 2A AR had an entire ECL2 in its crystal structure. All these models above were used for analysis of CB2 ligand binding properties and to explain the effects of individual biological or pharmacological experiments. However, these models may be limited to the few crystal structures available at the time and low sequence identities of their templates, for example, bovine rhodopsin (∼16% sequence identity) and human A 2A AR (∼23% sequence identity).
In recent years, significant progress has been made to stabilize GPCRs in order to determine their 3D structure by Xray crystallography. Since the first crystal structure of GPCRbovine rhodopsin was reported in 2000, at least 24 crystal structures of GPCRs have been published in the last ten years. By modeling all of the published crystal structures of GPCRs, we found that for most residues in TMs, for example, residue 3.32, its 3D coordinates are almost the same in all GPCRs. The dynamic properties of ligand-induced ionic lock and rotamer toggle molecular switch in the CB2 structural model were also found in congruent with the reported important GPCRs structural functions. 28 In the present work, we first built comparative CB2 models based on the structural similar GPCRs. We selected one CB2 model that was supported by the known experimental data for further studies. We found a potential allosteric binding pocket in our CB2 model, which was very similar to the reported allosteric pocket for Na + in two other GPCRs, e.g. A 2A AR and the δ-opioid receptor. The results suggest that sodium may reduce the affinities of endogenous agonists or their analogs. Moreover, we docked CB2 selective antagonist SR144528 for analyzing the similarities and differences of the binding pockets between CB1 and CB2. The dockings of our in-house antagonists and our CB2 neutral compound (neutral antagonist) XIE35-1001 supported the results of SR144528. We also docked the agonist CP55940 into the CB2 model to compare the binding modes between antagonist and agonist. Then we performed 50 ns molecular dynamics (MD) simulations for SR144528 and for CP55940. We compared the conformational changes of CB2 and antagonist/agonist, which was congruent with recent reports for GPCRs. Based on the results from MD simulation and docking studies, we validated one important residue and predicted two residues that may play important roles for SR144528 and CP55940, i.e., Val113 3.32 , Phe183, and Phe281 7.35 , respectively. The importance of these residues for ligand binding was further confirmed by site directed mutagenesis and receptor binding assays.
■ MATERIALS AND METHODS

Preparation of Crystal Structure of GPCR Proteins.
There is no available crystal structure for the CB2 receptor (only one NMR structure for helix VI 29 ). In the present work, we used 10 known GPCRs crystal structures (including Class A and Class B) with different sequence identity to construct the 3D structures of the cannabinoid CB2 receptor. All these 10 GPCRs crystal structures 19,30−38 are listed in Table 1 . The crystal structures were obtained from the Protein Data Bank (http://www.pdb.org/pdb/). We then prepared these structures using SYBYL-X 1.3 39 (including repair of residues and minimization of energy). In the present work, the residues in GPCRs are numbered according to the Ballesteros-Weinstin numbering scheme 17 in which x.50 denotes the most conserved residue for a particular TM helix.
Homology Modeling. The full sequence of the human CB2 receptor (CNR2_HUMAN or P34972, 360 residues) was obtained from the Web site of UniProtKB/Swiss-Prot (http:// www.uniprot.org/uniprot/). In the present work, we truncated the residues before Ala35 1.34 for the N terminal and residues after Cys313 7.67 for the C terminal. Moreover, the third intracellular loop (ICL3, between TM5 and TM6) had a long-flexible sequence, and we truncated 8 residues from Gln227 (ICL3) to Met234 (ICL3). Therefore, the sequence was from Ala35 1.34 to His226 (ICL3) and Ala235 to Cys313 7.67 . We then connected the residues including His226 (ICL3) and Ala235 (ICL3) to generate a continuous polypeptide sequence. The sequence alignments and homology modeling were based on this generated sequence of CB2 using reported protocol. 21 Our procedure was chosen for the following three reasons. First, in all crystal structures of GPCRs, ICL3 missed some residues. Second, it had no effect on the binding pocket. Third, it did not make our water−lipid box too big for the MD simulation.
Sequence alignments of CB2 and other known crystal structure of GPCRs revealed a moderate sequence identity between CB2 and these GPCRs, ranging from 14.4% to 28.5% (Table 1) . We also compared the sequence identities among the TM regions, as shown in Table 1 . We patched a disulfide bridge/bond between Cys174 4.66 and Cys179 4.71 in ECL2, which was suggested to be present in CB2 according to mutagenesis studies by Gouldson and co-workers. 18 After aligning the sequence of CB2 with the templates, we then manually adjusted the alignments from ECL2 to TM5 according to the numbers of residues. For example, we adjusted Ser193 5.42 of CB2 to align with the residues-5.42 in other GPCRs. The same operations were performed for other TM5 residues. Moreover, we also made sure that other TMs alignments were reasonable, for which we used conserved motifs in GPCRs. (Examples are "D/ERY" in TM3, "CWxPx″ (or "D/E″6.30) in TM6, and "NPxxY" in TM7.) Last, we checked the alignments of sequences for TMs and made sure that there were no "gaps" in the helical sequences, which were automatically generated by the software upon aligning the TM segment. The detail alignments of sequences between CB2 and 10 templates were shown in Figure S1b . We used all these ten crystal structures of GPCRs to build the CB2 model using Modeller9.12.
40
Energy Minimization and Structure Validation. Once the 3D models were generated, energy minimizations were carried out by using SYBYL-X 1.3. 38 The parameters defined in the SYBYL were as follows: Gradient was set to 0.5 kcal/mol, Max iterations were set to 5000, force field was set to MMFF94s, and the charges were set to MMFF94.
The CB2 models were also validated by using proSA-web Zscores 41 and PROCHECK Ramachandran plots. 42 We also calculated the root mean squared deviation (rmsd), superimposed our model with the templates. 43 Conformational Sampling and Secondary Energy Minimization for the CB2 Model. To select the most reasonable conformation of CB2 models, we first performed 10 ns molecular dynamics (MD) simulations for the CB2 candidate with explicit water and lipid. The detailed protocols were described in the section of "Molecular Dynamics Simulation". During 10 ns MD simulation, we fixed the Cα atoms of seven transmembrane domains of CB2 and made the side chains flexible. After 10 ns MD simulation, we made the protein flexible and performed another 5 ns MD simulation. We selected five conformations with the lowest energy to perform secondary energy minimization by SYBYL, which were described in the previous section ("Energy Minimization and Structure Validation").
Training Data Set for Model Validation. We first filtered the National Cancer Institute (NCI) Database (NCI2011), eliminating mixtures or metal or isotopes and the compounds with unfavorable molecular weights (lower than 250, higher than 600). Out of the 210,000 remaining compounds, 980 were randomly chosen. The three-dimensional coordinates of these compounds were generated by using SYBYL. Seventeen of our in-house active compounds 26, 44 and three other active compounds (as shown in Figure S2 in the Supporting Information) were prepared using the same procedure. Special caution was applied to the protonation state of ionizable groups (amines, amidines, carboylic acids) of all 1000 ligands assumed to be ionized at a physiological pH of 7.4. The docked conformations of these 1000 compounds were generated by the the Surflex-Dock program in SYBYL.
Selectivity Training Data Set for Further Validation of the CB2 Model. In our recent publication, 44 we retrieved 703 selective compounds of CB1 and CB2 from the public cannabinoid ligand database (http://www.cbligand.org). In the present work, we selected 100 CB2 selective compounds (K i for CB2 lower than 911 nM) and 70 CB1 selective compounds (all 70 compounds' K i for CB1 lower than 555 nM except one with 1120 nM; 24 compounds were with K i lower than 958 nM for CB2, and another 46 compounds were with K i higher than 3000 nM for CB2) for validating our binding pocket, which had a high ratio of K i CB1 : K i CB2 . In the present work, all the selected structures did not differ significantly in physicochemical properties.
Molecular Docking for the Study of Ligand/CB Receptors Interaction. We then performed a series of docking experiments for the validation of the CB2 model, comparisons of binding pocket/ligand binding modes, and identification of new binding residues for CB2 ligands. The docking program Surflex-Dock GeomX (SFXC) in SYBYL-X 1.3 38 was applied to constructed receptor−ligand complexes, in which the Total Score was expressed in −log 10 (K d ). 45 We used the MOLCAD module implemented in SYBYL-X 1.3 to explore the potential binding pocket for our models. The main protocols or parameters of docking can be found in our previous publication. 46 Molecular Dynamics Simulation. Following docking, we selected the complexes of CB2 bound with agonist/antagonist to carry out the molecular dynamics (MD) simulations.
Special caution was applied to His residues, because His was ionized at pH 7. 40 were charged in our simulations. The VMD 49 program was used to embed the complexes of receptors with ligands into a periodic and pre-equilibrated structure of 1-palmytoyl-2-oleoyl-sn-glycero-3-phosphatidylcholine (POPC). Lipid molecules within 3 Å of the receptor were eliminated. We then inserted these into a water box (TIP3P 50 water model) with eliminating the water molecules within 3 Å of the receptor.
The simulation boxes (CB2-SR144528/CB2-CP55940, respectively) contained the CB2 model, 164/165 lipid molecules, 4967/4959 water molecules, 0/0 sodium ions, and 9/9 chloride ions, so the total numbers of per periodic cell were Two minimizations were carried out; each minimization was carried out with 50,000 steps. The first minimization was performed with the fixed protein, while the second minimization was carried out with the flexible protein.
Starting from the last frame of the minimization, 50 ns molecular dynamics simulations were carried out. The NAMD package 51 (version 2.9b1) with the CHARMM27 52,53 force field was applied for the MD simulation. The Particle Mesh Ewald 54 (PME) method (with a 12 Å nonbonded cutoff and a grid spacing of 1 Å per grid point in each dimension) was used to calculate the electrostatics. A smooth cutoff (switching radius 10 Å, cutoff radius 12 Å) was used to calculate the van der Waals energies. The temperature and pressure were kept constant using a Langevin thermostat (310 K) and Langevin barostat (1 atm), respectively. The time step of the molecular dynamics (MD) simulation was set to 1 fs (fs). For analysis, we saved the data every 10 picoseconds (ps). VMD software was applied to analyze the trajectory.
Mutagenesis Experiments. Site-directed mutagenesis experiments for different CB2 amino acids mutations were obtained by a site-directed mutagenesis kit according to the manufacturer's protocol of QuikChange (Stratagene, CA). Briefly, a single amino acid mutation was performed individually to the human CB2 plasmid pcDNA3.1 + 3 × HA-hCB2 (Missouri S&T cDNA Resources Center). Three PCR steps were introduced for mutation of selected amino acid (Val113 3.32 , Phe183 in ECL2, and Phe281 7.35 ), which can be found in our previous publication. 55 Cell Harvesting and Membrane Preparation. The high confluent culture plates were kept on ice prior to harvesting. The plates were rinsed twice with cold (PBS). Then the cells were collected by scraping and centrifuging at 500g for 5 min at 4°C. The cell pellets were resuspended in 5 mL of membrane preparation buffer (50 mM Tris−HCl pH 7.4, 5 mM MgCl 2 , 2.5 mM EGTA, and 200 mM sucrose) and homogenized with a Polytron PT1600E Homogenizer (Kinematica, Littau-Lucerne, Switzerland). This step was repeated for three time before the final centrifuge. All supernatants were combined and centrifuged at 68,000g for 90 min at 4°C. Pellets were then collected and resuspended in membrane preparation buffer for competition binding assays. Plates were incubated at 30°C for 1 h and then harvested to PerkinElmer 96 well GF/B filter plates using PerkinElmer Filter Mate Harvester (PerkinElmer, NL). GF/B plates were allowed to dry overnight, soaked in liquid microscinct liquid, and read in a PerkinElmer top count reader (PerkinElmer, NL). Binding data were normalized to define 0−100% and analyzed in Graph Pad Prism 5.0 software using one point receptor competitive displacement curve fitting. All assays were performed in duplicate wells, and data were represented as the mean ± SEM. Bound radioactivity data was analyzed for K i values using the method described in the previous publication. 55 ■ RESULTS Ten CB2 Models. We constructed 10 CB2 models according to ten crystal structures of GPCRs. As shown in Figure S4a , in all our homology models of CB2, residues in 7 TMs constructed by structures of Class A GPCRs were very similar to each other, even the CB2 model constructed by SIP. The main reason was that we adjusted and aligned TMs' residues/sequences, which helped us to make the alignments more reasonable.
However, residues in the second extracellular loop (ECL2) still seemed different, as the sequences of ECL2 in GPCRs were not conserved. Three CB2 models seemed to be very similar to each other, including the structure of ECL2. These models were constructed by D3R, β1AR, and β2AR. The similarity was obvious when we aligned these three crystal structures, as shown in Figures S5a and S5b. D3R, β1AR, and β2AR shared Figure 1 . Correlation between the number of hit compounds identified and the number of compounds screened in (a) a 1000-compounds-data set and (b) a top-100-compounds-data set (top 10%). large similarities. Sequence identities for these three structures were ∼34.4 ± 2% between D3R and β2AR, ∼35.4 ± 2% between D3R and β1AR, and ∼61.9 ± 2% between β1AR and β2AR. Moreover, many key residues involved in the binding pocket were the same. Table T1 .
Journal of Chemical Information and Modeling
Conformational Sampling for CB2 Models. For each constructed CB2 model, we first performed 10 ns MD simulations with the fixing backbone, and then we performed 5 ns MD simulations with a flexible protein for sampling conformations.
We selected 5 conformations with the lowest energy during the 5 ns MD simulations with a flexible protein; we then used SYBYL to perform the secondary energy minimization. Our results showed that the energies of five conformations for each model were very similar to each other after minimization (±35 kcal/mol), so we chose the conformation with the lowest energy as the best one for each CB2 model. CB2 Ligand Data Set for Validating the 3D CB2 Model. Ten CB2 models were utilized to perform the prescreen against the 1000-compounds data set. We then calculated the hit rate (HR) at a given percentage of the data set. The relationship between the number of hit compounds identified and the number of compounds screened were depicted in Figure 1 and Figure S6 , apparently, when x%, which was a given percentage of the data set screened, was set to 2% (top 20 compounds), 5% (top 50 compounds), and 10% (top 100 compounds). Figure 1 and Figure S6 show the results of prescreening for all 10 CB2 models. Our results showed that most CB2 models can distinguish the active compounds from the inactive compounds. CB2 models constructed by β1AR and β2AR had the highest and similar hit rate among all CB2 models. Eight out of ten CB2 models had a 100% hit rate within 15% of the data set screened, except for the models constructed by bovine rhodopsin and A 2a AR (had a 100% hit rate within 25% of the data set screened). More details can be found in Figure  S6 .
The CB2 model constructed by β1AR had the best prediction, as shown in Figures 1a and 1b. All 20 active compounds were detected in the top 66 compounds. The hit rates at 2%, 5%, and 10% of the data set screened were 10% (2 compounds), 80% (16 compounds), and 100% (20 compounds), respectively. It was not surprising that at the hit rate of 2% only 2 active compounds were detected, because we selected compounds from the NCI database randomly. Our data set contained some potential active compounds and flexible compounds that had high docking scores in any pockets.
The results from prescreening showed that the binding pockets of most CB models distinguished the active compounds from the inactive ones. 46, 57 Moreover, the CB2 model constructed by β1AR seemed more reasonable.
Docking CB Selective Ligands for Further Validation of Our CB2 Models. After prescreening, we used 100 CB2 selective compounds and 70 CB1 selective compounds for further validation. We selected five models with a high hit rate in prescreen docking for further validations, including the CB2 models constructed by β1AR, SIP, H1R, M2MAR, and SMO, which maintained structural diversities.
We chose the docking score (generated by SYBYL-X 1.3) greater than or equal to 7.0 as the cutoff value, which was suggested by SYBLY software. 38 Figure 2 and Figure S7 show the predicting results of these five CB2 models. Our results showed that different models had different accuracy for predicting the CB compounds. The predictions of 100 CB2 selective compounds were 44%, 83%, 63%, 77%, and 92% for models constructed by SMO, M2MAR, H1R, S1P, and β1AR. However, the predictions of 70 CB1 selective compounds were 21.43%, 38.57%, 61.43%, 54.29%, and 70% for models constructed by SMO, M2MAR, H1R, S1P, and β1AR. More details can be found in Figure S7 .
The CB2 model constructed by β1AR had the best prediction: out of 170 compounds, 141 (82.9%) were predicted correctly, as shown in Figure 2a and Figure 2b . All the docking results of the CB2 model constructed by β1AR were shown in Tables T2 and T3 in the Supporting Information. For 70 CB1 selective compounds, 49 compounds (70%) were predicted correctly, as shown in Figure 2b and Table T2 . 12 out of 24 active compounds (50%) with K i lower than 850 nM for CB2 were predicted correctly (docking scores were higher than 7.0). Moreover, 37 out of 46 CB1 selective compounds (80.4%) with K i higher than 3000 nM for CB2 were also predicted correctly. Our model showed the moderate prediction for CB1-selective-but-CB2-active compounds and had a high prediction for CB1-selective-and-CB2-inactive compounds.
For 100 CB2 selective compounds, 92 compounds (92%) had docking scores higher than 7.0, as shown in Figure 2a and Table T3 . The other 8 compounds had the docking scores ranging from 5.87 to 6.99. Only one compound had a docking score lower than 6.0 (docking score: 5.87). Scores of two compounds were higher than 6.90. This model can predict CB2 selective (active) compounds accurately. We tried to find the relationship between the predicted K d and the K i value, but there was no direct relationship between them.
By comparing the sequence identity, TM helices, conserved residues, similar motif, hydrogen-bond networks, 3D structures of ten CB2 models, docking results from prescreening, and CB selective compounds, we selected the 3D model of CB2 constructed by β1AR (shown in Figure 3 ) for further studies in the present work, based on the following reasons. (1) Overall model quality and local model quality of CB2 constructed by β1AR were more reasonable, while they were predicted by ProSA-web, as shown in Table 1 and Figure S8 . (2) Ramachandran plots of CB2 constructed by β1AR were more reasonable, as shown in Figure S9 . (3) β1AR had the highest sequence identity (28.5 ± 2% for sequence and more than 35% within the TMs regions) to CB2. The structure of β1AR was the fourth highest resolution of GPCRs' templates in the present work, where the ECL2 in β1AR was also intact. (4) The best docking results from prescreening and from CB selective compounds. The 3D coordinates of our CB2 model based on β1AR can be found in the Supporting Information.
Important Residues in the Predicted Binding Pocket of CB2. MOLCAD module implemented in SYBYL-X 1.3 was used to explore the potential binding pocket in the present work.
As shown in Figure 4 , the potential binding pocked of CB2 was mainly formed by helices III, V, VI, and VII. The binding pocket of the CB2 model was verified by recent docking results, 58−60 which was in agreement with most other GPCRs. Moreover, we found that the binding pocket can be extended into helix IV via a narrow "crevice". The cavity among TM3, TM4, and TM5 explored by MOLCAD was too narrow for compounds binding. However, some residues in this region showed important roles for antagonists (inverse agonists), which were similar to what Gouldson and co-workers 18 found, that SR144528 formed a hydrogen bond with both Ser161 4.53 and Ser165 4.57 . Moreover, we suggested that this binding pocket was for both agonist and antagonist (inverse agonists). Recently, some GPCRs receptors bound with agonist or bound with antagonist were reported. Figure S10 shows the alignments of agonist (highlighted in green) and antagonist (highlighted in blue) for β2AR and A 2A AR, respectively. The binding pocket for agonist or antagonist was formed by helices III, V, VI, and VII both in β2AR and A 2A AR. Comparing these crystal structures, many key residues involved in the binding pocket (β2AR or A 2A AR) contributed to the recognitions of agonist and also antagonist. Figure  S10b , so we concluded that CB2 shared the same binding pocket for agonist and antagonist. Potential binding pocket and residues involved in the binding pocket of CB2. The potential binding pocket was highlighted in red, which was mainly formed by helices III, V, VI, and VII, but also can extend into helix IV. Important residues involved in the binding pocket were highlighted in green sticks, which included the following: Phe87 Important residues involved in the binding pocket for CB2 were highlighted in green sticks, as shown in Figure 4, , and Ser285 7.39 . Most residues in the CB2 pocket we described were supported by the mutation data and docking data:
Recent docking reports 59, 61 showed that Phe87 2.57 and Phe94 2.64 in TM2 may play roles for the binding of CB2 compounds. Recently, Asp101 in ECL1 was also reported 59, 61 to play a role for CB2 ligands.
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3.28 was shown to have little effect on known agonist binding or signaling of CB2, even though this particular lysine was crucial for the binding of HU-210 and CP55940 but not WIN55212-2 to the CB1 receptor. 62 A double mutation K3.28AS3.31G resulted in a complete loss of affinity for other studied agonists, expected WIN55212-2 and JWH-015. However, downstream signaling by WIN55212-2 was drastically reduced, suggesting an improper coupling of this mutant. 63 Moreover, three residues in this helix, including structure of GPCRs, a residue in position 3.32 was crucial for the ligand recognition. We suggest that Val113 3.32 also has an important role for CB2.
Receptor chimera studies by Shire et al. 64 showed that ECL2 is important for the binding of CP55940 to CB2. Replacing ECL2 of CB2 with ECL2 of CB1 resulted in a loss of binding of CP55940. Furthermore, Glu181 (ECL2) and Leu182 (ECL2) are unique for CB2 when compared with CB1. These two residues therefore may have roles in the selectivity of CB2. Phe183 in ECL2 was involved in the binding pocket. We conclude that this residue may also have a role in binding some ligands by forming π−π interactions. Trp194 5.43 in TM5 was reported to have an important role in CB2 receptor ligand binding and adenylyl cyclase (AC) activity. 65 Moreover, replacing Phe197 5.46 with the corresponding Val 5.46 of CB1 resulted in a 14-fold decrease of WIN55212-2 affinity to CB2 but had no effect on CP55940, HU-210, or AEA binding. 16 An opposite replacement at CB1, V5.46F, enhanced the binding affinity of WIN55212-2. Those data supported the hypothesis 16 that an aromatic residue at this position was crucial for the selectivity of WIN55212-2 for CB2.
Song et al. 66 used the substituted-cysteine accessibility method (SCAM) to map the residues in the sixth membranespanning segment of CB2 that contributed to the surface of the water-accessible binding site crevice. They showed that Val261 6.51 , Met265 6.55 , and other residues faced into the CB2 binding pocket. Moreover, Trp258
6.48 was highly conserved in GPCRs, supporting a proposal that its rotameric state had a role in CB2 activation. 67 Val261 6.51 also may have a role in the selectivity for CB2. The corresponding residue in CB1 was Leu 6.51 . Met265 6.55 was also conserved and contributed into the binding for most GPCRs. These residues were reported to have roles in recognition of CB2 by the ligands. 22 
Ser285
7.39 was part of the putative binding pocket in the present model. It had been suggested as a site of interaction 61, 68, 69 for some agonists (for example, HU-243). Binding affinity of HU-243 somewhat decreased with the mutation S7.39A, while this mutation had no signal transduction of HU-210, CP55940, and WIN55212-2. 70 However, Ser 7.39 in CB1 recently was reported by Kapur and coworkers. 71 as having a role in mediating ligand specific interactions for CP55940, HU-210, and AM4056.
■ DISCUSSION
A Potential Allosteric Pocket at CB2. As shown in Figure  5a , beside the orthosteric ligand-binding pocket, we found a small binding pocket, which was closed to the orthosteric one. This allosteric pocket was formed by conserved residues in GPCRs, including Asn51 Figure 5a . However, the side chain of Trp258 6.48 made the channel between these two pockets narrow. This allosteric pocket seemed highly conserved among Class A of GPCRs. 72 Recently, a similar small pocket was also discovered as an allosteric pocket for Na + ions in A 2A AR 73 and the δ-opioid receptor. 72 However, residue Leu254 6.44 at CB2 is unique, while the corresponding residue for other GPCRs is Phe. Moreover, the residue in position 3.35 is also special at CB2 (Thr116 3.35 ). These two residues may differ CB2 from other GPCRs for the bindings of modulators (or ions).
Howard et al. 74 provided evidence that NaCl competed with amiloride, suggesting that Na + and amiloride shared an allosteric binding site. Liu and co-workers 73 performed the binding assays to confirm the allosteric effects of Na + and amiloride in A 2A AR and the role of Na + in the δ-opioid receptor.
In order to validate further the roles of sodium at CB2, we performed the experiment for the modulation of CB2 by sodium ions: Figure 5b shows ]-Enkephalin, an analog of Enkephalin) in the δ-opioid receptor, 72 140 mM sodium reduced the affinity of this agonist, the K i value from 280 nM (with 0 mM NaCl) to 2800 nM (with 140 mM NaCl).
Until now, there have been no endogenous ligands tested for the effect of sodium ions for CB2. More experiments on endogenous agonists for CB2 are being performed in our lab, including AEA (arachidonoyl ethanolamide) and 2-AG (2-arachidonoylglycerol). We hope these can help us learn more about the role of sodium at GPCRs. However, based on the current data, NECA and DADLE were related to endogenous agonists, while CP55940 and Bremazocine were not. We think that sodium may affect endogenous agonists or their analogs more than the chemical compounds.
We also explored the role of amiloride for CB2. Figure 5c shows the competition binding curve of amiloride at CB2. Our results showed that the K i value of amiloride at CB2 is only 495 μM (the K i value of amiloride with 150 mM NaCl at CB2 was 310 μM), indicating that amiloride has very low (or no) binding affinity at CB2. Our docking results supported this result, because the docking score is only ∼4.0 in both the orthosteric ligand-binding pocket and the allosteric pocket.
As shown in Figure 5d , we docked amiloride into the allosteric binding pocket of CB2. Our results showed only minor changes in the conformations of the surrounding side chain for the CB2 model. Furthermore, the charged guanidinium group of amiloride interacted tightly with Asp80 2.50 in the CB2 model. Asn295 7.49 also formed a hydrogen bond with amiloride. The docking results of amiloride at CB2 shared large similarities with that from A 2A AR. 73 However, there were also some differences between CB2 and A 2A AR. For A 2A (5.3 Å), and amiloride from CB2 were greater than from A 2A AR. All these differences helped us to understand the diversities of GPCRs. Based on the high conservations of the residues involved in this allosteric pocket, we suggest that CB2 also has this potential allosteric pocket for Na + ions. The sodium may affect the affinities of endogenous agonists or their analogs at CB2 more than the chemical compounds. The roles of other ions (including Ca 2+ and Zn 2+ ) and amiloride are still being explored. They may contribute to the further understanding of GPCRs.
This potential allosteric binding pocket will help us to develop new allosteric modulators for CB2 or other GPCRs. The new potential binding pocket formed by an orthosteric ligand-binding pocket and an allosteric binding pocket may help us to develop new drugs for GPCRs.
Comparisons of the Binding Pocket between CB1 and CB2. CB1 and CB2 belong to class A of a G-protein coupled receptor (GPCR). They share large similarities with each other, especially among TMs, which have more than 48% sequence identity throughout the whole protein and 68% identity within the trans-membrane regions.
Using the same methods, we constructed the homology model of CB1. Then we docked SR144528 into CB1 and CB2 for exploring the similarities and differences between their binding pockets. SR144528 18 is a compound that acts as a potent and highly selective CB2 receptor inverse agonist, with a K i of 0.6 nM to CB2 and 400 nM to the CB1 receptor.
We docked SR144528 into the model of CB2 and CB1. As shown in Figure 6 , the docking scores (predicted K d ) of SR144528 were 7.21 in the CB1 receptor and 9.56 in the CB2 receptor, which agreed with the K i values.
We had the similar binding mode between SR144528 and CB2 as that from Reggio's group, 59 which the group 2,2,4-trimethyl-3-bicyclo[2.2.1]heptanyl of SR144528 was on the top of the binding pocket (interacted with the ECL1 and extracellular side of TM1 and TM2). However, we chose the different binding mode in the present work for two reasons, which 2,2,4-trimethyl-3-bicyclo[2. , and Ser285 7.39 pointed to the middle part of the binding pocket. These residues can provide the polar environment for amide in SR144528; the role of these three corresponding residues 71 in CB1 had been reported. Second, the binding mode of SR144528 at CB2 was supported by our other docking results, as shown in Figure S11 and Table T3 : three other CB2 selective compounds sharing very similar scaffolds with SR144528 had almost the same binding modes with SR144528.
Many similarities can be found in the SR144528 binding pockets of CB1 and CB2. On the bottom of the binding pocket, SR144528 formed hydrophobic interactions with several important residues, including Phe 3.36 (not shown in Figure  6 ), Val/Leu 6.51 , and Trp 6.48 . In the middle of the binding pocket, SR144528 formed hydrophobic interactions with Val 3.32 (not shown in Figure 6 ), and it also formed a π−π interaction with Phe 2.57 and Trp 5.43 . Moreover, the amide group of SR144528 faced the polar environment formed by Lys 3.28 , Ser/Gly 3.31 , and Ser 7.39 . On the top of the binding pocket, SR144528 formed a hydrophobic and a π−π interaction with Phe 2.64 and Phe 3.25 (not shown in Figure 6 ). Subtle but important information was that the distance between Lys113 3.28 in CB2 and SR144528 was more than 5.7 Å, implying that there was no hydrogen bond between them. However, there is a hydrogen bond (∼3.9 Å) between Lys , and Val261 6.51 in CB2. Binding Modes of our In-House Compounds with CB2. We docked our in-house antagonists (inverse agonists) and CB2 neutral compound (neutral antagonist) XIE35-1001 into the CB2 model to find the similarities of binding for antagonists and neutral compound (neutral antagonist). Moreover, we selected and docked 11 in-house inverse agonists into the CB2 model and then aligned their binding poses with SR144528, which is highlighted in yellow in Figure 7a .
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We selected one of our compounds XIE95-1171 (0.5 nM for CB2 and 514 nM for CB1) to analyze further, as shown in Figure S12 and Figure 7b . The interactions between our compound XIE95-1171 (docking score: 9.29) and CB2 were almost the same as that of SR144528 (Figure 6b ). Our compound XIE95-1171 formed a strong hydrophobic interaction with Val113 3.32 (not shown in Figure 7b ), Phe87 (hydrophobic interaction), Asp101 (not shown in Figure 7 , hydrophobic interaction), and Phe106 3.25 (not shown in Figure  7 , π−π interactions) on the top of the binding pocket. The distance between Lys109 3.28 in the CB2 receptor and our compound was more than 5.1 Å. Moreover, XIE95-1171 formed a strong hydrophobic interaction with Met265 6.55 (not shown in Figure 7b ) and formed a π−π interaction with Phe281 7.35 . It also had a hydrophobic interaction with Ile113 3.29 , Glu181, Leu182, Phe197 5.46 , and Val261 6.51 in CB2. These residues therefore may contribute to the selectivity for CB2.
One item that was different was the distance of ∼4.6 Å between Ser285 7.39 and our compound XIE95-1171. We then docked our CB2 neutral compound (neutral antagonist) Xie35-1001 (US 20110118214 A1, Figure 7c ) into our CB2 model, which has a K i of 37 nM at CB2 and 4082 nM at the CB1 receptor. Figure 7d shows the binding mode of our compound XIE35-1001, with the docking score of 8.67. The interactions of this compound with CB2 were almost the same as those of SR144528. The compound formed strong interactions with Phe94 6.55 . The π−π interactions also were observed between compound XIE35-1001 and several residues, including Phe106 3.25 and Phe281 7.35 . The distances between compound XIE35-1001 and Lys109 3.28 , Ser285 7.39 were larger than 5.0 Å. The docking results of our in-house compounds further supported the binding mode of SR144528. The docking results for antagonists (inverse agonists) and the neutral compound (neutral antagonist) showed that residues in TM3, TM5, TM6, and TM7 had important roles in the recognition for CB2 by the ligands.
Molecular Dynamics Study of the Complex of CB2 with SR144528. To validate further the binding mode of SR144528 within CB2, we performed 50 ns molecular dynamics simulation with lipid and water. For the MD simulations from this section and the following, all our CB2 models were flexible (that meant the backbones of CB2 were not fixed). During 50 ns MD simulation, we found that the rmsd of CB2 was equilibrated after 5 ns. The time scale of 50 ns is reasonable for our purpose to validate the binding mode of SR144528. Figure 8a shows the rmsd of CB2 and SR144528, respectively. Our results showed that the deviations of CB2 kept stable at 3.5 Å after system equilibration (after 5 ns), while the deviation of SR144528 was stable at 1 Å during the simulation. We aligned the conformations between before MD simulation and after 50 ns MD simulation. As shown in Figure  8d , the structure of CB2 kept stable during the MD simulation, especially the binding pocket and the loops, which agreed with the recent report for CB2 by Reggio and co-workers. 59 However, our results showed that SR144528 moved upward (ECL2) about 0.7 Å after MD simulation. We found that SR144528 was moving to form a π−π interaction with Phe183 in ECL2. From Figure 8c , our results showed that the distance (highlighted in wine color) between Phe183 and SR144528 was ∼7.5 Å initially. After 5 ns MD simulation, the distance was stable within 4.3 Å. We infer that this residue may play an important role in SR144528 binding.
Three important residues in TM3 formed strong interactions with SR144528, including Phe106 3.25 ( Figure 8b , top graph, π−π interaction), Ile113 3.29 (third graph, hydrophobic interaction), and Val113 3.32 (fourth graph, hydrophobic interaction). The distances between these three residues and SR144528 were stable within 4.5 Å during the MD simulation. We suggest that Val113 3.32 is important for the ligand recognition of CB2. Ile113 3.29 may have a role in the selectivity for CB2 according to its stable interaction. The distance (second graph) between Lys109 3.28 and SR144528 ranged from 5.3 to 6 Å. The weak interaction showed that Lys109 3.28 may not be important for the binding of SR144528. During the MD simulation of SR144528 and CB2, we did not observe any water mediated interactions between Lys109 3.28 and SR144528, which may be due to the short time of our simulation.
Some important residues involved in the binding pocket also formed strong interactions with SR144528 during the MD simulation, including Trp194 5.43 (hydrophobic interaction) and Phe281 7.35 (Figure 8c , π−π interaction). The role of Trp194 5.43 had been reported. 65 In the present work, we suggest that Phe281 7.35 may have an important role for SR144528 binding. Some residues that contributed to the selectivity also interacted tightly with SR144528, including Leu182 ( Figure  8c , hydrophobic interaction), Val261 6.51 ( Figure 8c , hydrophobic interaction), and Glu181 (not shown the data, hydrophobic interaction).
Docking and Molecular Dynamics Study of CP55940 in CB2. CP55940 is considered as a full agonist to the CB2 receptor and has a K i of 0.68 nM on CB2. We docked CP55940 into our CB2 model and tried to compare the similarities and differences between CB2 bound with agonist and antagonist (inverse agonist). Figure 9a shows the binding mode of CP55940 in CB2. The polar parts of CP55940 formed hydrogen bonds with the extracellular part, while the flexible and hydrophobic part of CP55940 mainly interacted with Phe117 3.36 (not shown in Figure 9a ), Phe197 5.46 (not shown in Figure 9a ), and Trp258 6.48 initially. Several residues from the extracellular part of the pocket formed hydrogen bonds with CP55940 including Asp101 in ECL1, Glu181 (hydrogen donor), Leu182 (hydrogen acceptor) in ECL2, Lys109 3.28 (hydrogen donor) in TM3, and Ser285 mainly forming hydrophobic interactions with CP55940. However, Phe106 3.25 formed a weak hydrophobic interaction (larger than 6 Å initially) with CP55940, a residue that formed a π−π interaction with SR144528. Val261 6.51 in TM6 also formed a hydrophobic interaction with CP55940 (a weak interaction, the distance was 6 Å), where it had a very strong interaction with SR144528 (within 4 Å). Moreover, for the binding of CP55940, many residues in CB2 formed hydrophobic interactions instead of π−π interactions, including Phe87 2.57 (not shown in Figure 9a ), Phe91 2.61 (not shown in Figure 9a ), Trp194 5.43 (not shown in Figure 9a , also a weak interaction), Phe197 5.46 , Trp258 6.48 , and Phe281 7.35 . CP55940 is also considered as a full agonist to CB1, has a K i of 0.58 nM on CB1, but is an antagonist to GPR55, the putative "CB3″ receptor. 75 The model of CB1 bound with CP55940 was reported by Kapur and co-workers. 71 Comparing the binding mode between CB1/CB2 and CP55940, we found that had important roles for CP55940s binding. However, Asp101 in ECL1, Glu181, and Leu182 in ECL2 may contribute to the binding of CP55940 in our CB2 model. We then performed 50 ns MD simulation for the complex of CP55940 within CB2. Figure 9c shows the rmsd of CP55940 during the MD simulation. Our results showed that the deviations of CB2 kept stable (∼4 Å during the MD) after system equilibration (after 5 ns MD simulation). TM3, ECL2, TM6, and TM7 endured larger conformational changes, while the deviation of CP55940 (highlighted in red) was stable at 2 Å during the simulation.
Comparing the conformations of CP55940 during the MD simulations, our results showed that CP55940 endured large conformational changes, as shown in Figures 9b, 9c , and 9d. First, the flexible and hydrophobic part of CP55940 moved from the "crevice" between TM3 and TM4 to the "crevice" between TM5 and TM6. As a result, the distance (highlighted in orange in Figure 9d ) between Phe197 5.46 and CP55940 became larger (from 3 Å initially to 6.5 Å after equilibration), while the distances between CP55940 and Trp194 5.43 (highlighted in olive in Figure 9d , from 5.5 to4 Å) and Val261 6.51 (highlighted in violet in Figure 9d , from 6 to 4 Å) became smaller.
Moreover, CP55940 moved ∼2.0 Å toward intracellular side. Consequently, Lys109 3.28 (highlighted in green in Figure 9c ) and Ser285 7.39 (highlighted in gray in Figure 9d ) were far away from CP55940, respectively. Our results showed that the distance between Lys109 3.28 and CP55940 was 3.8 Å initially and extended to 6.0 Å, while the distance between Ser285 7.39 and CP55940 was 3.7 Å initially and extended to 5.2 Å.
Moreover, the situation of Asp101 in ECL1 was similar to Lys109 3.28 and Ser285 7.39 . The distance between Asp101 and CP55940 was larger than 6.5 Å after MD simulation. However, Ile110 3.29 , Val113 3.32 , and Phe281 7.35 formed stronger hydrophobic interactions with CP55940 after MD simulation, as shown in Figures 9c and 9d .
Residues in ECL2 contributed important roles to CP55940 binding. Our results showed that Leu182 (highlighted in purple in Figure 9d ) and Glu181 formed hydrogen bonds with CP55940. The distance of hydrogen bonds were within 4−5 Å, as shown in Figure 9c . Phe183 (ECL2, Figure 9d ) did not interact tightly with CP55940. The distance between Phe183 and CP55940 was larger than 6 Å. However, Phe183 in ECL2 covered the binding pocket, which may have an important role for the conformation of the binding pocket.
These results indicate that the agonist CP55940 has the flexibility to interact CB2 with different H-bond partners or hydrophobic partners. The flexibility can facilitate the role of CP55940 in the activation of CB2, which agrees with the recent report. 76 Comparison of Conformations of CB2 between Agonist-Bound and Antagonist-Bound Status. We compared the conformations of CB2 between agonist-bound (CP55940) and antagonist-bound (SR144528) to illustrate the structural information during the activation of CB2, as shown in Figures S13a and S13b:
1. Large conformational changes upon CB2 bound with agonist CP55940. Our results showed that CB2 had the deviation of ∼4.5 Å from its original conformation; moreover, TM3, ECL2, TM6, and TM7 fluctuated greatly when bound with CP55940.
2. "Ionic lock" for CB2 bound with SR144528 was more stable than that for CB2 bound with CP55940. "Ionic lock" motif was as follows: Arg 3.50 of the conserved D/ERY in TM3 and highly conserved residue Glu/Asp 6.30 in TM6. Our results showed that the "ionic lock" for CB2 bound with SR144528 was more stable, as shown in Figure S13b .
3. Agonist CP55940 endured large conformational changes to facilitate its role for the activation of CB2; CP55940 moved toward the intracellular side, and the distance between CP55940 and Trp258 6.48 was almost ∼3.0 Å during the MD simulation. However, the antagonist SR144528 moved toward the extracellular side, and the distance between antagonist SR144528 and Trp258 6.48 was larger than ∼5.0 Å during the MD simulation, as shown in Figure S13b . 4 , and Ser285 7.39 had roles in the recognition of CP55940 and SR144528. However, Phe183 (ECL2) may have an important role for SR144528 and CP55940, due to its π−π interactions or changing the conformation of binding pocket. Some important residues in ECL2 may have the similar functions of Phe183, for example, Glu181 (ECL2) and Leu182 (ECL2).
Last but not least, we compared the structure of our CB2 model after MD simulation with agonist and the crystal structure of β2AR bound with Gα subunit (PDBID:3SN6), 77 as shown in Figure S13c . Our results showed that almost all TMs aligned well, except TM6. Figure S13c shows that TM6 in our CB2 model had a "crash" with the Gα subunit when we aligned CB2 and β2AR. The intracellular side of TM6 in our CB2 did not endure enough conformational changes for fitting the Gα subunit. We think the only plausible method is to construct a homology model based on the beta-2 active structure (PDBID:3SN6) 77 and relaxing it a little bit before using for docking and other studies.
Mutation Data of CB2 Val113 3.32 , Phe183, and Phe281 7.35 . Based on our docking and MD results, we performed a mutation study for several residues, including Val113 3.32 , Phe183, and Phe281 7.35 of CB2. We performed V113E, V113L, F183Q, F183V, and F281K mutations and tested the binding affinity of SR144528 and CP55940. The mutations described in the present work were based on our in silico docking results.
The results showed that mutating the valine to a glutamic acid residue (V113E), which has a negatively charged side chain, led to the complete loss of CB2 ligand binding, as shown in Table 2 . The mutation for V113E agreed with the computation in silico: the mutation from valine to a leucine (V113L) allowed CB2 to retain its ligand binding, because the leucine also provided hydrophobic interactions with SR144528 or CP55940 and also affected the conformation of the binding pocket (Table 2) . Residue 3.32 is occupied by a negatively charged amino acid in biogenic amine receptors (D2 dopamine, β2 adrenergic, and M3 muscaranic) and that it is essential for recognition and binding of endogenous amines. In an attempt to resemble the functionality of this residue in amine receptors, Li et al. 78 substituted endogenous V84 3.32 with aspartic acid (D) in the A 2a AR. The V84D mutant in A 2a AR was unable to bind to any ligand tested. Interestingly, substitution of the same valine residue with leucine (V84L) did not significantly affect binding with any ligand with respect to the wild-type A 2a AR, which agreed with our mutation for Val113 3.32 . Our studies also demonstrate the role of ECL2 in the ligands-binding recognition. A prior report 18 affirmed that this loop dipped down toward the binding site of SR144528 to make a π-sulfur interaction with the Cys175 4.67 . Therefore, we investigated the effect of the aromatic side chain of Phe183 in ECL2 for SR144528 binding. Mutation of Phe183 in silico, CB2 did not form strong hydrophobic interactions with SR144528 and CP55940. Mutation of Phe183 to the polar uncharged amino acid such as glutamine (F183Q) or to a hydrophobic side chain such as valine (F183V) had a significant effect on the binding affinity of SR144528 to CB2, as shown in Figure 10 and Table 2 . CP55940 binding affinity to Phe183 mutated CB2 were also tested, and the similar results can be found in Figure 10 and Table 2 . As we discussed in the previous section, Phe183 did not form a π−π interaction with CP55940 and maybe did not form a hydrophobic interaction (or a very weak hydrophobic interaction), but the mutations of Phe183 showed a significant effect for CP55940 binding.
We therefore suggested that the mutations of Phe183 significantly affected both SR144528 and CP55940. Moreover, some residues in ECL2 may have similar effects, including Glu181 (ECL2) and Leu182 (ECL2). This agreed with the finding 64 that ECL2 is important for the binding of CP55940 to CB2, where replacing of ECL2 of CB2 with ECL2 of CB1 resulted in a loss of binding for CP55940.
In our model, Phe281 7.35 formed a strong π−π interaction with SR144528, but it formed a hydrophobic interaction with CP55940. We therefore mutated it to a charged chain such as lysine (F281K) to study its influence on CB2 ligand binding. As shown in Figure 10 and Table 2 , our results showed that this kind of mutation led to the complete loss of CB2 ligand binding. Phe281 7.35 also had an important role in the binding of SR144528 and CP55940 to CB2 through a π−π interaction or a hydrophobic interaction.
In our model, we found that Phe183 in ECL2, Met265 6.55 , and Phe281
7.35 formed a strong hydrophobic pocket in the extracellular side of CB2. Mutations of F183Q and F281K will change the charge environment, while the mutation of F183V will affect the hydrophobic pocket. We suggest that these three mutations will reduce the affinities of ligands on CB2.
All our mutation results agreed with our docking analysis and MD simulation, which can help us to learn more about structure and function of CB2.
■ CONCLUSION
In the present work, we used 10 GPCRs to construct 10 comparative CB2 models. We selected one model for further studies that was shown to be consistent with the known experimental data. Importantly, we found a potential allosteric binding pocket and suggest that sodium may reduce the binding affinity of endogenous agonists or its analogs. Subsequently, the similarities and differences of the binding pockets between CB1 and CB2 were analyzed in comparison of the binding modes between antagonist and agonist. We also performed 50 ns molecular dynamics simulations for CB2 bound with agonist and antagonist. The conformational changes of CB2 and antagonist/agonist were congruent with recent reports for GPCRs. Finally, we validated the roles of Val113 3.32 and two newly predicted residues for CB2 binding, i.e., Phe183 in ECL2 and Phe281 7.35 by radiometric binding affinity assay experiment. Overall, the new 3D CB2 structural model based on recent GPCRs crystal data as well as the in silico and in vitro experimental studies performed here provide new insight into better understanding of the structural and functional roles of the CB2 receptor and facilitated the future structure-based design novel CB2 ligands with therapeutic potential. Figure S1 shows the alignments of all known GPCR crystal structures. Figure S2 shows 20 active compounds for CB2 prescreen. Figure S3 shows the molecular dynamics simulation box of CB2 bound with agonist or antagonist. Figure S4 shows the alignments of constructed CB2 models. Figure S5 shows the alignments of three crystal structures, including D3R, β1AR, and β2AR. Figure S6 shows the hit rates of prescreen for the other nine CB2 models. Figure S7 shows the prediction of CB1 and CB2 selective compounds for the other four CB2 models. Figure S8 shows the overall model quality and local model quality of CB2 constructed by β1AR, predicted by ProSA-web. Figure S9 shows the Ramachandran plots of the CB2 model constructed by β1AR. Figure S10 shows the alignments between β2AR/A 2A AR bound with agonist and with antagonist. Figure S11 shows three CB2 selective compounds sharing the very similar binding poses with SR144528. Figure S12 shows the alignments between SR144528 and our antagonist (inverse agonist) XIE95-1171. Figure S13 shows the comparison of conformations between CB2 bound with CP5940 and with SR144528. Table T1 shows the rmsd of Cα in the TMs regions among our 10 CB2 models. Table T2 shows the structure, bioactivity information, and docking score of 70 CB1 selective compounds. Table T3 shows the structure, bioactivity information, and docking score of 100 CB2 selective compounds. This material is available free of charge via the Internet at http://pubs.acs.org. 
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